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Taxonomic	  data	  could	  be	  used	  to	  split	  pa2ents	  into	  disease	  and	  healthy	  groups	  
(Figure	  4).	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
Selec2on	  of	  tools	  for	  use	  in	  the	  pipeline	  was	  made	  following	  assessment	  of	  numerous	  op2ons;	  for	  
example,	  a	  number	  of	  de-­‐novo	  assemblers	  were	  assessed	  on	  both	  raw	  assembly	  sta2s2cs	  and	  a	  
measure	  of	  poten2ally	  chimeric	  con2gs	  produced,	  based	  upon	  the	  number	  of	  genera	  the	  reads	  
associated	  with	  each	  con2g	  originated	  from	  (Figure	  6).	  
	  
	  
	  
	  
	  
	  
	  
Figure	  6.	  Results	  of	  comparison	  of	  de-­‐novo	  metagenome	  assemblers	  
Although	  various	  tools	  have	  been	  selected	  for	  the	  diﬀerent	  stages	  of	  the	  pipeline,	  the	  modular	  
nature	  of	  the	  pipeline	  permits	  the	  ready	  replacement	  of	  these	  with	  alterna2ves	  should	  beFer	  or	  
more	  appropriate	  methods	  become	  available	  in	  future.	  
Availability.	  Code	  is	  s2ll	  being	  ﬁnalized,	  but	  will	  be	  available	  from	  
www.ic.ac.uk/bioinfsupport/soLware	  when	  complete.	  
We	  have	  developed	  a	  modular	  pipeline	  (Figure	  1)	  	  for	  analysis	  of	  metagenomic	  
sequence	  data.	  The	  pipeline	  is	  undergoing	  valida2on	  using	  read	  data	  from	  a	  recent	  
metagenomic	  study	  on	  the	  microbiome	  associated	  with	  liver	  cirrhosis	  [1].	  
	  
	  
	  
	  
	  
	  
	  
	  
	  
Figure	  1.	  IMP:	  Imperial	  Metagenomics	  Pipeline.	  TrimGalore	  was	  used	  to	  quality	  trim	  data.	  Reads	  were	  ﬁltered	  into	  
human,	  viral,	  parasite,	  fungi,	  plant	  and	  bacterial/archaeal	  ‘bins’	  using	  BWA	  [2]	  to	  map	  the	  reads	  against	  reference	  
genomes,	  including	  the	  human	  genome,	  all	  available	  viral,	  protozoan	  and	  helminth,	  and	  plant	  genomes,	  and	  a	  
selec2on	  of	  gut-­‐associated	  fungi	  chosen	  based	  on	  the	  availability	  of	  whole	  genomes	  of	  species	  listed	  by	  [3].	  Reads	  
not	  assigned	  to	  any	  of	  the	  aforemen2oned	  groups	  were	  assumed	  to	  be	  of	  archaeal/bacterial	  origin.	  For	  the	  
archaeal/bacterial	  data,	  taxonomic	  aﬃlia2ons	  and	  abundance	  data	  were	  determined	  using	  MetaPhlAn	  2.0	  [4].	  
Bacterial/archaeal	  reads	  were	  assembled	  into	  con2gs	  using	  IDBA-­‐UD	  [5]	  in	  two	  phases	  –	  ﬁrstly	  on	  a	  per-­‐sample	  
basis,	  then	  using	  a	  pool	  of	  reads	  which	  remained	  unassembled	  following	  the	  ﬁrst	  round	  of	  assembly.	  Puta2ve	  genes	  
were	  determined	  using	  MetaGeneMark	  [6,7],	  then	  clustered	  at	  the	  protein	  level	  using	  UCLUST	  7.0.1090	  [8]	  to	  
create	  a	  non-­‐redundant	  gene	  catalog.	  Func2onal	  classiﬁca2on	  of	  gene	  clusters	  was	  carried	  out	  by	  searching	  	  cluster	  
centroids	  against	  a	  database	  of	  KEGG	  proteins	  (release	  2015-­‐05-­‐1)	  with	  USEARCH	  [8],	  and	  func2onal	  domains/
pathway	  associa2ons	  using	  InterProScan	  [9].	  
Sequence	  data	  for	  83	  healthy	  controls	  and	  98	  pa2ents	  were	  processed	  (Figure	  2).	  
Human	  data	  were	  not	  analysed	  further	  because	  of	  ethical	  considera2ons.	  Plant,	  fungal	  
and	  parasite	  data	  are	  currently	  presented	  on	  a	  presence/absence	  basis	  (Figure	  5),	  but	  
the	  modular	  nature	  of	  the	  pipeline	  means	  analyses	  of	  these	  datasets	  can	  be	  easily	  
expanded	  in	  the	  future.	  Similarly,	  viral	  data	  are	  given	  on	  a	  presence/absence	  basis	  but	  
are	  not	  presented	  graphically	  due	  to	  the	  complexity	  of	  the	  data	  (3092	  virus	  groups	  
represented	  across	  the	  pa2ent	  samples).	  
	  
	  
	  
	  
	  
MetaPhlAn	  2.0	  was	  used	  to	  generate	  abundance	  data	  (Figure	  3).	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Figure	  2.	  Representa2on	  of	  higher	  
taxa	  in	  sequence	  data.	  
Figure	  5.	  Assignment	  of	  
reads	  from	  samples	  to	  
(a)	  plant,	  (b)	  fungal	  or	  
(c)	  parasite	  genomes.	  It	  
is	  notable	  that	  several	  
samples	  have	  no	  fungal	  
DNA	  associated	  with	  
them.	  
	  
Figure	  3.	  MetaPhlAn	  2.0	  analyses	  of	  
metagenomic	  data	  from	  [1]	  using	  
IMP.	  In	  agreement	  with	  [1],	  
Bacteroidetes	  and	  Firmicutes	  
represented	  the	  most	  abundant	  taxa	  
in	  pa2ent	  samples;	  Veillonella,	  
Streptococcus,	  Clostridium	  and	  
Prevotella	  were	  enriched	  in	  the	  liver-­‐
cirrhosis	  group;	  and	  Eubacterium	  and	  
Alis>pes	  were	  amongst	  the	  most	  
dominant	  bacteria	  in	  the	  healthy	  
controls.	  
Figure	  4.	  Principal	  component	  analysis	  of	  genus-­‐level	  data	  generated	  from	  MetaPhlAn	  2.0	  
outputs.	  ALer	  removal	  of	  three	  outliers	  from	  the	  liver-­‐cirrhosis	  group,	  pa2ents	  could	  be	  separated	  
based	  on	  health	  status.	  (L)	  Scores	  plot;	  (R)	  loadings	  plot.	  
	  
